Abstract-Breast cancer nuclei detection is an impressive challenge in surgeries and medical treatments. In the microscopic image of immunohistologically stained breast tissue, cancer nuclei present a large variety in their characteristics that bring various difficulties for traditional segmentation algorithms. In this paper, we propose an efficient supervised segmentation method using a multilayer neural network ( 
I. INTRODUCTION
Cancer nuclei segmentation in automatic image analysis is the main step that decides the cancer diagnosis. In fact, the accuracy of the segmentation method used to classify cancerous nuclei has a great impact on the reliability of the diagnosis made by pathologists. In the stained breast tissue images, cancer nuclei are classified into two types according to their color contents: red (or brown) nuclei and blue nuclei which are respectively positive (P) and negative (N) staining of estrogen receptor (Fig. 1) . To assist pathologists in their diagnostic, cancer nuclei must be segmented in order to get the percentage of the positive cancer nuclei in the whole image. It is clear in Fig. 1 that there are color and intensity variations both in cancer cells and in the background [1] . Besides, the degree of histological noise can strongly varies from an image to another. Consequently, segmentation of stained breast cancer cell images becomes a tedious task and presents various difficulties for classical segmentation methods.
Nowadays, several techniques are presented in the literature and can be used for cell or nuclei segmentation [1] - [3] . The proposed segmentation approach relies partly on active contours methods (Snakes), which have become powerful tools used for edge detection, medical image segmentation and object tracking [4] . Snakes can be classified into two categories: parametric snakes and geometric active contours [5] . Parametric snakes are explicitly represented as parameterized curves in Lagrange formulation [5] . One shortcoming they have is sensitivity to initialization and lack of ability to handle changes in the topology of the evolving curve. Geometric active contours were introduced more recently and are based on theory of curve evolution and geometric flows [6] . Their numerical implementation is based on level set method [6] and allows automatic segmentation of multiple objects simultaneously. The classical level set methods [7] , [8] need to compute a stopping function based on the gradient of the image, so these models can detect only the external boundaries of objects defined by the gradient image. Chan and Vese [9] proposed an active contour model without edge (CV model) which is able to detect the interior and exterior borders of objects without using an edge function. Some other geodesic active contour models are proposed in [11] and [12] , which combine the classical active contour model and the two-region segmentation model in order to improve the segmentation accuracy in discrete and fuzzy edges and sensitive to noise.
None of these models can reliably detect desired objects in the image, and they suffer from slow convergence due to their computational complexity. Moreover, the level set function used in the major active contour formulations is restricted to the separation of two regions. Only few works focus on level set based segmentation in the case of more than two regions. In [10] , Chan and Vese proposed multi-phase active contour model which increases the number of regions that active contours can find simultaneously. Here, N level set functions should be defined to represent maximum 2 N regions in the entire image. Whereas, if less than N regions are existent in the image, then empty regions will appear in the segmentation results. The authors in [13] proposed a new minimization strategy that robustly optimizes the energy in a level set framework, including the number of regions to be detected. The variational model is based on the maximum a-posteriori criterion in order to guarantee that a pixel is assigned uniquely to the region with the maximum a-posteriori probability [13] . A significantly different method is proposed in [14] . Here, a modified hybrid model (MGACV model) is used to detect the desired objects in color image. The new variational formulation combines the geodesic active contour model and a modified CV model. A discrimination function is included in the evolution equation and it is used to compute the initial curve and the stopping function. This discrimination function is constructed by analyzing color information of a pixel set chosen from regions of interest using Principal Components Analysis (PCA) and interval estimation.
In this paper, we propose a new segmentation scheme to detect cancer nuclei in stained breast tissue sections using a color active contour model based on the classical level set method and a modified Bayes error functional. First, a discrimination function is constructed in order to select the desired stained nuclei by a trained multilayer neural network combined with Fisher linear discriminant preprocessing. Then, inspired by the idea of L. Pi et al. [14] , this function is included in the region term of the energy functional and the stopping function of the model to improve the segmentation accuracy of the detected nuclei. In addition, the initial contour and the controlling parameters of the proposed model are computed also with this decision function in order to increase the speed of convergence of the evolving curve. The proposed segmentation strategy is applied to various breast cancer tissue images and the results are compared to other segmentation methods from the technical literature [3] [13] [14] .
The remainder of the paper is organized as follows: In section II, we present the supervised segmentation scheme for breast cancer nuclei detection. Section III reports the experimental results using the proposed segmentation method. Finally, summary and conclusions are provided in section VI.
II. THE PROPOSED SEGMENTATION SCHEME
The aim of the proposed segmentation scheme is the boundary contour detection of two categories of stained nuclei regions from the background. This task is done by the use of a modified geodesic active contour model combined with a pixel classification method based on MNN and FLD preprocessing. As illustrated in Fig. 2 , breast cancer nuclei regions in the original microscopic image are classified via the following stages:
Training: In the first stage, a training dataset is constructed by choosing n sample pixels from the different classes (i.e. P nuclei, N nuclei and background). Each pixel is represented by four color components: Red, Green, Blue and Saturation (R, G, B and S). Then, the color variables of the training set are analyzed and reduced to two uncorrelated components using FLD preprocessing. The new resulting pixel values (F1, F2) are presented then to the network with their desired outputs for the training step.
Processing: The second stage consists mainly of two parts: pixel classification and boundary contour detection.
A. Pixel classification using FLD-MNN method
To get initial classification of stained breast cancer cells, a pixel classification approach is performed using a supervised technique based on FLD-MNN classifier. In the processing stage, pixels of an original microscopic image are classified according to their color features. The transformed pixel values obtained with the FLD analysis are presented to the trained network in order to get the discrimination functions ( P α and N α ) that estimate respectively the location of P nuclei and N nuclei (see Fig. 2 ).
1) Fisher's Linear Discriminant (FLD):
To train the neural network, we have chosen simply the color information, which is the major feature that experts use to distinguish between the two classes of cancer nuclei. In Fig. 3(a) , we show that the red color indicates positive cancer nuclei (P), and blue indicates negative cancer nuclei (N). In addition, we can see in Figure 3 (b) that the saturation component S from HSL space is highly relevant for detection of P nuclei because of their high luminosity when compared with N nuclei. Therefore, we constructed the training dataset of the MNN using the pixel value represented by four components: R, G, B and S. Due to the correlation between color components and the similarity between pattern classes in the data, the FLD analysis is used in order to get new independent variables (F1, F2) which maximize the difference between classes in the input training set [17] [18].
The original variables are the R, G, B and S values of n sample pixels composing the input training set X in =(p 1 ,p 2 ,…, p n ). The input data set X in is divided into three subsets corresponding to the object class c: P nuclei, N nuclei or background. The aim of the FLD preprocessing is to find an orthonormal basis w that maximizes the between-class measure while minimizing the within-class measure in the input data. This is done by maximizing Fisher criterion J(w) defined by:
where Sb is called the between-class scatter matrix: 
2)
Multilayer neural network (MNN): To classify pixels represented in the new subspace given by the FLD preprocessing, we trained a multilayer neural network using the quasi-Newton algorithm. In our segmentation problem, the neural network structure is composed of two inputs, a single hidden layer and two neurons in the output layer (Fig. 2) . The size of the hidden layer is optimized using five-fold crossvalidation technique [19] . The two output nodes are designed to detect respectively P nuclei and N nuclei. Therefore, two target vectors are created by n elements. The MNN output values are either 1 (desired cell class) or -1 (non-desired cell class). The tangent sigmoid transfer function is used for all neurons. The training patterns were chosen randomly from our image database, which contains 1500 sample pixels from each class. where b 0 is an adjustable threshold which is used to estimate the interesting regions. b 0 is fixed at 0 in this work. Example of P and N nuclei segmentation results are displayed in Fig.  3(c) . The final step of the proposed segmentation scheme is the contour detection of cancer nuclei regions using a modified active contour model. This task is applied after the pixel classification step to extract boundaries of the desired nuclei and to improve the segmentation accuracy of breast cancer tissue images.
B. Cancer nuclei detection by color active contour model
To improve the pixel classification results of breast cancer nuclei, we have proposed in this paper a modified geometric active contour model inspired from the idea of L. Pi et al. [14] . Boundaries of desired objects were detected in [14] using a geometric active contour model based on a modified ChanVese functional (MGACV). This discrimination function is constructed by analyzing color information of a pixel set chosen from regions of interest using PCA and interval estimation. PCA is used to produce a new set of uncorrelated components from the RGB values of the original image. Then, the desired objects in the image are obtained by thresholding of the first principal component using an interval estimation method.
It's known that the region information of the segmented objects introduced by the Chan-Vese active contour model is based only on the color's mean of homogeneous regions. This formulation lacks precision at weak edges since it's hard to distinguish between two neighboring regions containing Gaussian noise with the same mean but different standard deviation. Therefore, to improve the segmentation accuracy of cancer nuclei, even in noisy images, we used an improved active contour model [12] which carries more statistical information (means and standard deviations) about detected regions than the CV model used in [14] . This model is modified in our work, in order to get multiple region segmentation in the breast cancer cell image. Moreover, the parameters that control the curve evolution are estimated automatically from the pixel classification results. 
1)
The improved geodesic active contour model: This model [12] is a combination of the classical geodesic active contour model and two-region segmentation model based on Bayes error energy functional.
In order to detect the object boundaries in a color image with the classical geodesic active contour, a curve C should be found which minimizes the following energy functional:
where 2 Ω ⊂ ℜ is the 2-D domain of the color image.
and Euclidean length L. The distance ds is the Euclidean metric, dA is the element of area and v is a fixed parameter that controls the area of the curve. col g is an edge-detector for color images [14] . The general curve evolution along its normal direction Ν with speed F, is
. The contour evolution speed is generally a function of the image and the curve characteristics [5] [7] . The numerical solution of the curve evolution problem is obtained by the fast level set formulation proposed in [8] :
where φ is a level set function defined on Ω, whose zero-level
defines the boundary contour of the objects such that φ > 0 inside the segmented objects and φ < 0 outside. μ is a positive parameter that control the penalization term
which is used to keep the level set function close to a signed distance function during the evolution. To improve the image segmentation accuracy of the classical geodesic active contour, Bayes error based tworegion segmentation energy functional is added to the classical model [12] . The level set formulation of the region functional is given by:
where P 1 =P(z|Ω 1 ), P 2 =P(z|Ω 2 ) are the probability densities of the regions Ω 1 (inside C) and Ω 2 (outside C) and
H is the regularized Heaviside function. We used Gaussian density functions for P 1 and P 2 (see [12] for more details). The minimization of the energy ( ) R E φ with respect to φ according to the gradient descent rule is given by:
Combining both level set formulations (equations (7) and (9)), we get the improved geometric active contour formulation for color image expressed by:
here ( ) φ δ ε is replaced by φ ∇ in order to intensify the effective range in the whole image [12] . γ is a positive parameter which controls the region term. It should be mentioned here that γ takes a larger value when the image is noisy. Finally, the discrete scheme of the level set function is given by:
where
φ is the approximation of the right-hand side in (10) and τ is the time step.
2) The proposed color active contour model: In our segmentation problem, more than two regions should be detected in the breast tissue image (P nuclei, N nuclei and background). Therefore, we propose to include the discrimination function c α defined previously in the Bayes error energy functional (8) in order to obtain a set of level set functions c φ , each representing one nuclei class. Table I shows that the modified active contour model is more efficient than the other methods in term of segmentation accuracy of stained nuclei. It gives an average accuracy of 95.5% on the complete database. In the contrast, the segmentation accuracy rates are about 92.4% and 90.6% using respectively the MGACV model and color watershed method. We note that the lower accuracy rate is obtained by the multiphase level set method (67.3%). We deduce in our experiments that the nuclei boundaries detected by the two geometric active contour models are smoother than those provided using color watershed method. It's also clear that the proposed model gives more precise contours than the other methods for uniform and varying nuclear stained regions. However, for segmenting both P nuclei and N nuclei, the watershed approach is faster than the other segmentation methods. It takes an average processing time 47.3 seconds on all the images of the database, compared to 62.1 seconds using the proposed model. From these experiments, we conclude that the modified geometric active contour model proposed in this work provides accurate segmentation results and an acceptable convergence time when compared with the color watershed algorithm. Fig. 4 . Segmentation results of the proposed scheme compared with other methods: Nuclei contour detection results by (a) color watershed method [3] , (b) multiphase level set method [13] , (c) MGACV method [14] and (d) the proposed color active contour model.
IV. CONCLUSION
In this paper, we have proposed a supervised segmentation algorithm for breast cancer tissue images. To detect positive and negative stained nuclei, a discrimination function is constructed using a MNN combined with FLD preprocessing. This function is introduced into a geometric active contour model based on Bayes error energy functional in order to get boundaries of the different nuclei staining in the image. All the parameters of the proposed model are estimated automatically from the classification results obtained by the FLD-MNN method. The proposed method provides a good segmentation of cancer nuclei regions and smooth borders when compared to existing contour detection techniques.
